in alternative diagnoses to see what conditions are commonly mistaken for optic neuritis and to evaluate for the overarching patterns that led to those overdiagnoses using the Diagnosis Error Evaluation and Research taxonomy. 2,3 With this information, we hope to provide insight into where clinical reasoning can go wrong and to better understand causes of diagnostic error in optic neuritis.
Notice of Retraction and Replacement. Tseng et al. Association of cataract surgery with mortality in older women: findings from the Women's Health Initiative. JAMA Ophthalmol. 2018;136(1):3-10
We write to report a serious error and incorrect analysis that has affected the results of our study, "Association of Cataract Surgery With Mortality in Older Women: Findings from the Women's Health Initiative," that was published online on October 26, 2017, and in the January 2018 print issue of JAMA Ophthalmology. 1 In that article, we reported the results of a cohort study using data from the Women's Health Initiative randomized clinical trial and data in the Medicare claims database. Participants were women 65 years or older with a diagnosis of cataract. We assessed the association between cataract surgery and total and cause-specific mortality in older women with cataract, and we erroneously reported that cataract surgery was associated with lower risk for total and causespecific mortality.
After publication of the article, a reader contacted us and questioned the results from our time-varying covariate model, which was 1 of the models used in our study. In response, 2 of us (V.L.T. and F.Y.) examined the analysis in which cataract surgery was treated as a time-varying covariate and found that the time-to-event variable for the exposed group (women with cataract surgery) was mistakenly defined as time since the date of surgery rather than the date of diagnosis for this model. When we corrected the time-to-event duration for this group, results from the model with cataract surgery as a timevarying covariate differed from the results originating from the conventional Cox model we had used, and cataract surgery was no longer associated with a lower risk for mortality.
We separately double checked and reran all analyses from the remainder of the study and confirm that there are no additional technical errors. However, because we did not observe differing results when computing a time-varying exposure model in our initial analysis for all-cause mortality due to the above identified programming error, we incorrectly and regrettably concluded that it would suffice to only compute and report the conventional Cox models for the cause-specific outcomes. After correcting the programming error, we are now aware of a likely immortal time bias for all originally reported analyses. In epidemiology, an immortal time bias refers to a time interval between study inclusion and exposure onset where no outcome events can be observed for the exposed group, which may lead to underestimation of the outcome for exposed participants. In our study, this refers to the time between cataract diagnosis and surgery for participants with cataract surgery, during which mortality could not have occurred. This is especially important when cataract surgery may have been delayed for a year or more because the patient's health status may change during the time interval. We have rerun all our analyses allowing for the time-varying exposure that results in a markedly different association of cataract surgery with all-cause or cause-specific mortality.
We have corrected the results of the original article. 1 These results now indicate that cataract surgery was associated with a higher risk for all-cause mortality and mortality attributed to multiple c auses of death, except for neurologic-related causes of death. Our approach now accounts for the time from diagnosis to actual surgery reflecting that women at the time of diagnosis initially c o nt i n u e to c o nt r i b u te o b s e r v at i o n a l t i m e to t h e nonsurgery group.
We regret the errors in our definition of the time-to-event for the women with cataract surgery and in our incorrect analyses and any confusion this has caused the readers of our article. 1 We have requested that our article be retracted and replaced with the correct data, analyses, and findings. The abstract, text, and Tables 2, 3, and 5 in the original article have been corrected and replaced online. An additional online supplement has been added that includes a version of the original article with the errors highlighted and a version of the replacement article with the corrections highlighted. 
Invited Commentary

Survival Analysis and the Immortal Time Bias
In the current issue of JAMA Ophthalmology, Tseng et al 1 report an error in their analysis that had originally concluded that cataract surgery was associated with improved survival among older women diagnosed as having a cataract. 2 The corrected analysis, in fact, suggests the opposite conclusion that surgery may be associated with reduced survival among these women. This provides us a good learning opportunity to review the statistical issues involved in this case and better understand the potential pitfalls with these types of analyses.
Tseng et al 2 used survival analysis methods to assess the association between cataract surgery and mortality. Survival analysis is a collection of statistical methods designed to handle a form of missing data called censoring. 3 When a participant is still alive at the end of a study, her total survival time is unknown. We know that she survived at least as long as the duration of the study, but her actual survival time might be much longer. The data of such a participant is said to be rightcensored. The same process would be followed for a participant who dropped out of the study before it ended. Other forms of censoring can also occur, but right-censoring is typically the most common. 3 These statistical techniques allow researchers to incorporate this partial information into the analysis. Although survival analysis methods were initially developed for studies with death as the outcome, these techniques can be readily adopted for any binary outcome that can occur at different times during a study.
Survival analysis is therefore a powerful tool in epidemiologic research, but it is vulnerable to a number of biases, sometimes subtle, that can lead to erroneous conclusions. One such problem is the survivor treatment selection bias, 4 also known as the immortal time bias. 5, 6 This can occur in observational studies when participants who do not live long enough to receive a treatment (eg, cataract surgery) are analyzed in the control group by default. Placing a dispro-portionate number of the early deaths in the control group lowers its survival rate and artificially makes the treatment group seem better in comparison.
The The delay from diagnosis to surgery is deliberately exaggerated in this example to illustrate the potential bias. The 4 hypothetical individuals in the Figure who underwent surgery all did so approximately 6 years from diagnosis. Therefore, all 3 individuals who died less than 6 years from diagnosis are automatically analyzed as controls (line never becomes solid), which drags down the mean survival time in that group. The survival time for the treated individuals, in contrast, must always be at least 6 years in this example.
This artifact arises because anyone in the treatment group must survive long enough to receive the treatment. Being tagged in the treatment group effectively makes an individual "immortal" during the pretreatment period. Think of a character who appears in both a movie and its prequel. Such a character is similarly immortal throughout the prequel no matter how perilous their situation may seem since he/she must survive long enough to appear in the original movie.
This source of bias is a common problem in epidemiologic research. 7 It has led, for example, to misleading conclusions about Oscar award-winning actors/actresses outliving their less decorated peers 8, 9 and the life spans of popes. 10 One potential solution to this problem is to analyze treatment as a factor that changes over time rather than as static groups. This can be done using time-dependent variables in a regression model. 3 In this 
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Letters model, individuals who eventually receive the treatment are analyzed as controls before they actually receive the treatment.
The team of investigators in the study by Tseng et al 2 includes experienced biostatisticians who are well aware of this phenomenon and intended to account for it using the method described here. A coding error in the calculation of the survival time led to similar results from the models with and without the time-dependent variables. This caused the investigators to mistakenly conclude that it did not matter which model was used. An astute reader questioned these results, and a reexamination of the data revealed the programming error.
One valuable lesson we can take from this incident is just how easy it can be for a simple programming bug to affect the results of an analysis. No matter how careful we try to be, finding a programming error in what can be thousands of lines of code is often like searching for the proverbial needle in a haystack. We are typically more likely to discover these kinds of errors by critically reviewing the results and noticing when something does not seem right. The only scenario where we would expect those 2 models to have similar results is if the time from diagnosis to treatment was negligible compared with the survival times. Reporting descriptive summary statistics for both these variables can help increase the chance that this kind of error is discovered and corrected.
Another key lesson is how important it is for both investigators and readers to be aware of subtle, perhaps counterintuitive, biases that can occur with these statistical models. We need to be ever vigilant that appropriate statistical methods are used to mitigate the risk of these biases resulting in misleading conclusions about the efficacy of a treatment.
Craig Kollman, PhD
